Commercial crowdsourcing platforms accumulate hundreds of thousand of tasks with a wide range of di erent rewards, durations, and skill requirements. This makes it di cult for workers to nd tasks that match their preferences and their skill set. As a consequence, recommendation systems for matching tasks and workers gain more and more importance. In this work we have a look on how these recommendation systems may in uence di erent fairness aspects for workers like the success rate and the earnings. To draw generalizable concussions, we use a simple simulation model that allows us to consider di erent types of crowdsourcing platforms, workers, and tasks in the evaluation. We show that even simple recommendation systems lead to improvements for most platform users. However our results also indicate and shall raise the awareness that a small fraction of users is also negatively by a ected those systems.
INTRODUCTION
In recent years the diversity of crowdsourcing services and applications has dramatically grown. Especially commercial crowdsourcing platforms focusing on micro tasking, e.g. Amazon Mechanical Turk 1 or Microworkers 2 , accumulate a huge variety of di erent task types. These tasks, e.g. tagging images or answering surveys, are mostly repetitive, simple and their completion requires only a short amount of time. Regardless of their simplicity, most tasks still need a certain skill set on the workers' side for a successful completion.
The large number and variety of tasks and their individual requirements calls for an automatic solution to help the workers to 1 https://www.mturk.com/ Accessed: Jul. 2017 2 https://www.microworkers.com/ Accessed: Jul. 2017 Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for pro t or commercial advantage and that copies bear this notice and the full citation on the rst page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior speci c permission and/or a fee. Request permissions from permissions@acm.org. FATREC'17, Como, Italy © 2017 ACM. 978-x-xxxx-xxxx-x/YY/MM. . . $15.00 DOI: 10.1145/nnnnnnn.nnnnnnn nd suitable tasks which t their individual interests and capabilities, e.g. by using personalized task recommendation systems. Contributing in such tasks may lead to a higher success rate of the workers and thus ultimately to a higher income. However, it is not clear if the integration of task recommendation systems in crowdsourcing platforms has solely positive e ects. Recommendation systems might also lead to unfairness, as some workers might get assigned to only a small number of tasks or only low paid tasks.
This paper aims at raising the awareness for such potential negative e ects of recommendation systems in crowdsourcing platforms. We use a simple simulation model that includes components and processes of a crowdsourcing platform on an abstract level for quantifying and analysing the e ects of a task recommendation system. A very basic task recommendation algorithm and a random based approach as baseline are used for the task suggestions. This simple setup allows us to illustrate the bene ts and potential drawbacks of recommendation systems in the context of crowdsourcing platforms from a high-level point of view.
The remainder of the paper is structured as followed. The related work in the second section provides an overview of recommendation mechanisms in the context of crowdsourcing. The simulation model is described in the third section, including the models for tasks, workers, recommendation and selection of tasks, as well as the chosen evaluation metrics. The evaluation is presented in the fourth section, where key in uence parameters of the simulation model are identi ed, and a main e ect analysis is used to deduce the settings for evaluating the impact of task recommendation for diverse platforms. Further, the evaluation section provides an analysis of the impact of mechanisms on the workers' earning on the diverse platforms. The fth section concludes the paper with a discussion of the ndings.
RELATED WORK
Crowdsourcing tasks di er signi cantly in their complexity and the skills required by the worker completing those tasks [5, 16] . Thus, one possibility to leverage the bene ts of recommendation systems in the crowdsourcing context is using them to automatically nd suitable tasks for the workers. Several approaches for such task recommendation systems have already been proposed. An overview over di erent task recommendation approaches and evaluation methods for crowdsourcing in several areas is given by Geiger and Schader [6] . Numerous mechanisms are based on content knowledge, e.g. characteristics of previously completed tasks such as category, reward or allocated time [8, 17] . In addition, Yuen et al. [18] consider the workers interactions, e.g. searching for tasks. Such previous behavior of the workers on the platforms is also used for collaborative ltering algorithms [1, 11] . In contrast to recommending tasks to workers, the concept developed by Difallah et al. [3] realizes a push methodology to nd the best suited worker for a task by extracting interests and skills from an online social network. Still, the evaluation of all these recommendation approaches is limited to the accuracy of the recommendations or the improvement of the quality of the worker input by a practical research or o ine experiments. The framework for optimizing task assignment in the eld of knowledge intensive tasks introduced by [13] prevents an over or under utilization of the workers but the in uence on the involved actors, e.g. reduced earnings, is not investigated.
There are already studies about the disparate impact of algorithms and computational unfairness in several elds [4, 12] , e.g. algorithms used in online advertising systems [2] . Further, there are several approaches to overcome the disparate treatment or impact in the area of decision making algorithms [9, 19] . However, to the best of our knowledge, there is no study about the impact of task recommendation systems on the workers in crowdsourcing systems.
SIMULATION MODEL
We use a simulation model to evaluate the impact of task recommendation mechanisms in crowdsourcing platforms. In contrast to a real-world implementation in an existing commercial crowdsourcing platform, this allows us to analyse the impact of a broad range of di erent parameter settings. The remainder of this section gives a brief description of the model components and structure of the implementation. Furthermore, the implementation of the evaluated recommendation algorithms is described. Finally, we introduce the evaluation metrics used to quantify the impact of the task recommendation algorithms on the users.
Simulation Description
The simulation implements di erent components of a crowdsourcing platform, such as tasks of various categories, workers and their interactions. Each simulation run is divided into two parts, the initialization of the workers and tasks, and an event based simulation process modelling the interactions of the workers and the platform.
The discrete event simulation is again divided into three steps, the worker selection, the task selection and the task execution. We assume that every idle worker of the worker pool is searching for a task. Thus in the rst step (1), we start with the selection of an idle worker. The selection follows a random uniform distribution. In the next step, the task selection (2), the recommendation algorithm determines an available task from the pool of tasks to recommend. In case the recommended task does not t the worker's skills, with a certain probability the worker selects a suitable task randomly from the task pool by himself. If no such task is available, he accepts the recommendation and starts to work on the selected task. During the task execution step (3), the worker is busy and does not accept other tasks. The duration of the execution process is de ned by the required completion time of the task. During this process, the result of the task is computed based on the skills of the worker in the requirements of the task. If the task is successfully completed, the task status will be changed to completed and removed from the system. Otherwise, the task will become available again. At this point one iteration of the event based simulation is completed, the simulation time is updated, and the worker returns to the idle state. The simulation is terminated after a speci ed time period.
Simulation Components
In the following we have a closer look at how tasks and workers are represented in the simulation. Models are based on typical structures and characteristics of real micro-tasking platforms, e.g., Amazon Mechanical Turk or Microworkers. Moreover, we explain the implementation of the recommendation algorithm and the used baseline. In the last part of this section we give an overview of the parameters of the simulation model used to specify the characteristics of the simulated platforms.
Task and Category
Model. In our model, a task requires a set of worker skills to be completed correctly. The required skills are determined by the category of the task. Additionally, a task belongs to a campaign that groups identical tasks, as they would be submitted by a requester in a real-world platform. A campaign de nes the payment, the time required for completion, and the number of identical tasks, as well as the creation time for all of its tasks.
All tasks for one simulation run are created during an initialization phase to optimize the runtime of the simulation. In a rst step, m categories are created. Thereafter, the campaigns are generated with negative exponentially distributed inter-arrival times. Negative exponentially distributed inter-arrival times are often a feasible assumption if a large number of tra c sources, or in this case employers, are present. This also allows us to reduce the total number of model parameters, as the higher moments of the arrival process are directly dependent on the mean inter-arrival time, even if other distributions might be more realistic, c.f. [15] . Each campaign is then randomly assigned to a category and the associated campaign properties are added. The last step initializes tasks and adds them to the pool. However, the campaigns and tasks are not directly available at the beginning of the discrete event simulation. During the simulation the state of the tasks is changed to active at the arrival time of the associated campaign.
Worker
Model. In our model we assume that there are two basic worker types: (1) The specialized worker (sw), who prefers tasks of only one category and (2) the average worker (aw), who favors multiple categories. The amount of favored categories of the average worker varies between two up to m categories.
Beside the amount of favored categories the worker types di er concerning their skills. The skills are de ned by the success probability in each category. The specialized workers sw are high skilled in their preferred category. Thus, in their favored categories the success probability p sw is very high. The success probability p aw of the favored categories of average workers is medium, since they do not exclusively focus on one type of tasks but have certain knowledge in a broader spectrum of di erent task types. Both worker types have a low success probability for less preferred categories in common. In addition to the skill set, the worker model stores the measured success rate per category and additional statistics, e.g. the total amount of completed tasks. By using this model, the worker pool is initialized iteratively. In the rst step, a newly created worker is assigned to one of two worker types. The worker type is chosen in respect to the speci ed Impact of Task Recommendation Systems in Crowdsourcing Platforms FATREC'17, August 2017, Como, Italy share f sw of specialized workers. Accordingly, the amount of aw is 1− f sw . Based on the type, the preferred categories are selected out of the pool of m categories. The selection follows a random uniform distribution. In the last step the success probability for each category is added depending on the favored worker's categories. The iteration of the creation process is completed by adding the worker to the worker pool. These steps are repeated until the prede ned number of workers w is reached.
Recommendation System
In this work we focuses solely on illustrating the potential impact of recommendation mechanisms. Thus we decided not to compare current state of the art algorithims but only use a simple content based recommendation algorithm, which recommends tasks based on characteristics of previously completed tasks. The algorithm includes an initialization phase to learn favored task categories of new users. Additionally, we implement a random based task selection as baseline for the evaluation of the recommendation mechanism. The detailed process of each approach is described in the following.
Random selection does not consider the quali cation of the workers. This means the success rate of each category is not used to determine the workers' best category. The mechanism chooses a task randomly among the available tasks. Content based selection recommends the worker a task of the category in which success rate (s c ) is greater than a threshold of 50%. We de ne the threshold at this level, because it is improbable that the worker receives s c greater than 50% in an unskilled category. In the case that s c is less than the threshold in all categories, the algorithm computes the category with the highest value of s c . If there is more than one category with a success rate of the maximal s c or their value of s c is greater than 50%, one of them is selected by a random uniform distribution. While choosing tasks the mechanism considers only category types of which the system contains open tasks. If there are more than one task of the selected category available the algorithm determine the earnings per minute for each campaign and then recommends the best paid task to the worker. We include this aspect, as Schnitzer et al. [14] show that workers are focused on time and money criteria while selecting tasks.
As the algorithm requires a working history, we integrate a training phase for new workers. During this phase the workers have to nish a certain amount of training tasks and their success rate is included in the computation of s c . Thus, the event based simulation process is extended by an additional step, the training phase. The phase is initiated before starting the worker selection. Here, every worker has to complete the speci ed amount of training tasks per category. These tasks are not part of the task pool and they only di er concerning the associated category.
Parameter Settings
As mentioned in the description of the simulation process and its models there are several parameters which can be speci ed in each simulation run. These parameters are separated into two sets summarized in Table 1 characteristic of the simulated platform. The amount of categories m describes the diversity of the task types. The share of specialized workers f sw , their success probability p sw and the success probability of the average workers p aw characterize the workers. The second set of parameters, the total amount of workers w and the mean campaign inter-arrival time specify the workload of the simulated platform. For our following evaluation we choose the parameters based on the work by Hirth et al. [7] . We use a maximum of 20 categories and realize the varying popularity by adding a higher occurrence to some of these categories. Each category is associated with three campaign types which di er concerning the payment, required time and number of tasks. We choose the payment in a range between $0.1 and $1.5 and the required completion time varies from a few minutes up to an hour for an amount of tasks from 30 to 500 per campaign. We use a rate of 0.5 for rejecting unsuitable recommendations by the workers.
Evaluation Metrics
Since the integration of a task recommendation mechanism may in uence the dynamic of the platform, the aim of our analysis is to quantify these in uences. Therefore, we de ne di erent metrics that consider the viewpoint of the workers. From a worker's perspective his success rate and the earnings are important. To evaluate the in uence of the recommendation algorithms on the success rate and the earnings of the workers, we compute the average success rate per hour s of each worker, as well as their average hourly earnings e.
In the following h de nes the total simulation time in hours and sn i is the amount of successfully completed tasks within hour i. Equation 1 describes the computation of s, where n i represents the number of total completed tasks within hour i. We only consider hours in which the worker completed at least one task.
We determine the average earnings per hour e by Equation 2. The payment of task j contained in sn is represented by e j .
EVALUATION
In this section we evaluate the impact of the task recommendation algorithm in platforms with di erent characteristics. To identify simulation settings representative for a large number of real-world crowdsourcing platforms, we rst analyse the e ects of the platform parameters on the workers' success rate and income. Furthermore, we compare the average success rate and the average earnings per hour of the workers achieved in platforms integrating the recommendation mechanism and the baseline.
Identi cation of Key In uence Factors
To evaluate the in uences of platform characteristics on the results of the task recommendation mechanisms, we investigate which simulation parameters are the key in uences factors. As mentioned earlier, there are two sets of parameters. The rst set speci es the platform characteristics, i.e. the amount of categories m, the share of specialized workers f sw , and the success probability of specialized workers p sw and average workers p aw . The second parameter set, describes the workload of the platform. These parameters are the total amount of workers w and the mean interarrival time t.
To assess the impact of the di erent parameters on the success rate s and the earnings e, we running a factor analysis. We de ne two levels of each simulation parameter and use a 2 k factorial design [10] . This approach requires only a small number of simulation runs to receive results for all setting combinations. For each setting we run 1000 simulations each with a duration of six hours. The transient phase of the simulation is not excluded from the evaluation as it describes the case of new users registering in the system. Figure 1 shows the in uence of the factors on s by using the recommendation approach. Each x-axis of the gure depicts the two levels of the parameter. The y-axis shows the values of s. The results for random based task selection are similar and therefore not shown.
The rst graph displays the e ect caused by the number m of di erent task categories. The low level depicts m = 4 categories. We choose this value due to the average workers' characteristic of preferring at least two categories. Thus, by using m = 4 there are still di erences between the average workers concerning the amount of favored categories. The high level m = 20 is equal to the maximal amount of de ned categories of our simulation model. The value of s observed for m = 20 is lower than for m = 4. This is due to the availability of tasks in the skilled categories of a worker. The lower the amount of categories the higher the probability that a suitable task is available. In case of four categories the probability of availability of a preferred task of a specialized worker is 25%. The probability in case of an average worker is 50% or more, because he favors between two to four categories.
The second diagram shows the in uence of the share of specialized workers f sw . The share of average workers is 1 − f sw . Thus, the low level of f sw describes a share of 10% of specialized workers and 90% of average workers initialized in the platform. By increasing f sw , a lower success rate s is seen. The di erence between the values for the two levels is explained by the main characteristic of specialized workers. They are only skilled in one category. If there is no task available of their preferred category the probability of successfully completing a task in one of the other unskilled categories is very low. Thus, the higher the normalized amount of specialized workers is the lower is the average success rate.
The in uence of the success probability of specialized workers p sw is visualized in the third graph. The probability to complete a task successfully is 75% at the lower level of p sw . The upper level speci es a success probability of 90%. As expected there is a higher success rate measured by using the upper level. Here, the specialized worker completes more tasks successfully.
The fourth graph shows the values of s for the two levels of the success probability p aw of average workers. The levels are 55% and 70%. We specify these values to receive a natural order concerning p sw . The upper level a ects higher values of s. The reason for this e ect is the same as explained in the description of graph three. The higher p aw the more tasks will be completed successfully.
Furthermore, the analysis shows that the total amount of workers w in the platform also a ects the average success rate. The e ect is shown in graph ve. The low level is de ned by ten workers and the upper level is represented by hundred workers. These values describe the amount of employees of a small-and mid-sized business. There is a greater value of s observed for the lower amount of workers. This is caused by the workload of the workers. A greater amount of workers decreases the probability that a suitable task is suggested to the requesting worker.
A similar e ect is seen for the di erent levels of the mean interarrival time of campaigns t, which is displayed in graph six. As mentioned the interarrival time is described by a negative exponential function. Thus, the factor levels vary regarding the mean t of this function. The upper level of t is about 12.4 minutes. It is based on the results of the analysis of the campaign interarrival time of Microworkers. The lower level describes an average interarrival time of 4.3 minutes which is approximately one third of the upper level. The value of the average success rate is greater for the shorter interarrival time than for the upper factor level. This is due to the amount of open tasks in the platform. The lower the interarrival time the more campaigns will be created and the more tasks will be available in the platform. Thus, the probability of selecting tasks which t the skills of the requesting worker is very high.
Concluding the average success rate is in uenced positively by a small amount of categories, a small share of specialized workers, a high success probability of specialized and average workers, and a small total amount of workers, as well as a short campaign interarrival time.
The results of the factor analysis concerning the average hourly earnings of the workers are similar to the in uences as described Table 2 : Settings of a specialized and an unspecialized platform, de ned by the amount of categories m, the share of specialized workers f sw , the success probability of specialized workers p sw and average workers p aw , the amount of workers w, and the mean interarrival time t.
Impact of Task Recommendation Systems in Crowdsourcing Platforms
for the average success rate per hour. The similarity is caused by the dependency between the successful completion of tasks and getting paid. This means by completing more tasks successfully the earnings increase. Thus, each factor which in uences the success rate positively will also a ect the earnings in a positive way.
Deductive Key Scenarios
To evaluate the in uence of the recommendation algorithms in platforms with di erent characteristics and di erent workload we combine the levels of the parameters which a ect the success rate and earnings positively and the levels which in uences are negative. The resulting simulation settings are shown in Table 2 . Having a closer look at the resulting platform characteristics, we can identify two platform type. The rst platform type is specialized on a small amount of di erent categories and the amount of registered workers is low. Due to the small amount of categories they are not specialized on one category. This means the share of average workers is great. In addition, they are very high skilled in their preferred categories. Consequently, the probability of completing tasks of favored categories successfully is very high. The inter-arrival time of campaigns is low. The small amount of workers and the large amount of campaigns de ned by the short inter-arrival time describes a high workload of the platform. This workload in uences the success rate and the earnings positively.
The other platform type described by the second setting combination shown in Table 2 , represents a non-specialized crowdsourcing platform. The platform o ers a great amount of various task categories, which results in a lower success rate and hourly earnings This results in a specialization of a great part of workers speci ed by f sw = 0.9. Overall the success probability of all workers is lower than in the other platform type. However, there are more workers registered in the platform. Due to the longer inter-arrival time, there are less campaigns created in this platform type and thus, the workload is low.
The workload of both platform types can be varied by changing the ratio of workers and created campaigns. This means, by the reduction of registered workers and the decrease of the mean interarrival time, the workload increases.
In the next subsection we investigate the impact of the task recommendation algorithm and the baseline on the average success rate per hour and the hourly earnings per worker by setting up the simulation model with the parameters of the two platform types. The same platform characteristics are used to evaluate the in uences of the algorithm on the campaign duration and the overhead of completed tasks.
In uence on Success Rate and Earnings
To evaluate the impact on the average earnings e of each worker in combination with the received average success rates s, we normalize the hourly earnings by the highest seen income per simulation run. The maximal amount of money to earn per run depends on the task categories which are contained in this model. Based on these values we compute the di erences of e and s gathered while using the content based system and the random based approach. The di erences quantify the improvement when using the content based mechanism. Larger values of these di erences imply a greater enhancement. This means the hourly wages and the success rate is higher.
The improvement per worker measured in a specialized platform is visualized in a 3D-histogram in Figure 2a . The colored areas describe the amount of workers with a speci c di erence of s and e normalized by the total amount of workers. The darker the color of an area, the greater is the share of workers. By separating the gure in four sections, we group the workers based on their di erence values. Thus, we can analyse the amount of workers with an increase of s and e, an increase of only one of these values or those who are earned less in combination with a lower success rate.
We observe a small negative average di erence of the success rate of workers of section 1. Thus, the earnings are only increased. The workers of section 2 bene t concerning their success rate and their earnings when using the recommendation system. Here, the share of workers is 74.47%. The average success rate of the workers in section 3 is increased whereas their earnings are not signi cantly decreased. There is no improvement for workers residing in section 4. The share of workers of section 3 and 4 is negligible small.
Concluding, the usage of the content based system increases the average earnings and the average success rate of 74.47% of the workers during a simulation time period of 6 hours in a specialized platform. For 23.55% of the workers only the earnings are increased while their success rate is not signi cant decreased. Figure 2b shows a 3D-histogram of the workers registered in an unspecialized platform. In this case section 1 contains 19.19% of the workers. The second section which describes the case that s and e are increased contains 54.4% of the workers. 8.58% of the workers are grouped in section three. The worst case is shown in section four. Here, the earnings and the success rate are slightly decreased for 17.83% of the workers. In conclusion the content based system achieves an increase of the earnings and the success rate for 54.4% of the workers. The increase of the success rate is higher than for the earnings, due to the amount of available tasks in the platform speci ed by the workload. The probability that tasks of di erent campaigns of favored categories are available, is very low. Thus, the recommendation mechanism suggests the tasks without considering their payment.
Concluding, we observe that e and s are a ected by integrating di erent task recommendation algorithms in both platform types. The content based technique results in a higher success rate and income for more workers than the baseline. The analysis of the in uence on the hourly earnings e shows also an increase of the earnings for the content based system by comparing the values to the random approach. 
CONCLUSION
Recommendation systems are nowadays integrated in many services and applications to help coping with the tremendous amount of data and items available. This makes them also likely to be valuable tool in commercial crowdsourcing platforms, to help mapping tasks to workers who have the skills to complete them successfully. Even if there already exist several work in this direction, no systematic evaluation was available on how those systems a ect workers on the platform.
To tackle this question, we built a simulation model of a crowdsourcing platform including recommendation mechanisms. Based on the analysis of in uences of the simulation parameters, we identi ed key scenarios which describe two di erent platform types. We investigated the impact of a content based recommendation algorithm concerning the workers' success rate and the earnings.
The analysis of the results shows that hourly earnings and success rates are impacted by recommendation in both scenarios. For the non specialized platform scenario, the success rates and earnings are positively a ected for a signi cant amount of workers, while a small share of workers (17.83%) is negatively a ected.
There are still several quality criteria and aspects which could be investigated by using the simulation model. One aspect is the fairness of the task distribution between the workers. Furthermore, the variety of recommended tasks to workers who are skilled in more than one category could be evaluated.
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